Introduction
Accurate representation of supply-response relationships is a prerequisite to scientific management of natural-resource industries. An important challenge to modelling supply-response in many resource-based industries is lack of population data for a biological entity that affects output. Examples from both agriculture and fisheries management illustrate. In agriculture, the population of invasive pests is an important determinant of both pest damage and crop harvest (Lichtenberg and Zilberman, 1986; Babcock, Lichtenberg, and Zilberman, 1992) . In fisheries, landings cannot exceed the existing stock of the fishery (Beverton and Holt; Bell, 1972; Clark, 1976; Squires, 1987) . In fact, the Beverton-Holt model of exploited fish populations predicts that, ceteris paribus, harvest increases proportionately with the stock.
In both instances, accurate empirical modelling and management requires observations on variables that are likely missing in many, if not most, data sets. This creates a dilemma. Use models that ignore this basic biological component of the technology. Or, maintain biologically correct models that cannot be estimated without extreme stationarity assumptions on population behavior.
This paper offers a solution. It argues that the separability properties of biologically-grounded models of the underlying production processes frequently permit circumventing this obstacle. While biologists have focused on the development of accurate yield-response relationships, economists have concentrated on developing estimable production systems. Natural synergies should emerge from combining these efforts.
We show how biological models can be combined with information on supply response to make inferences on population dynamics and to estimate correctly specified biological production response behavior even in the absence of direct observations on underlying population variables. The data that we use to illustrate our procedures are agricultural in nature. So, for concreteness sake, the treatment is for an agricultural producer facing an invasive pest species. But the basic principles readily extend to other resource-based applications.
In what follows, we first specify the basic production model and the producer's objective function. Then we briefly characterize optimal producer behavior to establish a direct link between population variables and observable economic phenomena such as prices, supply, and derived demand. We follow with a parametric specification of pest damage to crops and show how that choice yields a variable cost function, consistent with biological behavior, that is estimable without direct knowledge on pest population. It also yields a procedure for approximating pest population dynamics. An empirical specification and description of the data is followed by an empirical application of our ideas. That empirical application takes advantage of a unique characteristic of our data set, direct observations on population variables. Those data are not used in estimation, but they allow us to compare the population dynamics our procedure yields with actual population dynamics. 1
Structure of Production and Producer Objective
Production of a single crop, y, in period t is characterized by
where x ∈ R J + represents variable productive inputs, K ∈ R K + quasi-fixed productive inputs, b ∈ R + the pest population, z ∈ R + a damage-control or abating input, f (x, K, t) is (maximal) potential supply in the absence of pests, and g (b, z) , g : R 2 + → (0, 1], represents the percentage of maximal potential output that is realized in the presence of pest population b when the damage-control input is applied at level z.
The producer's short-run problem is to choose variable productive and damage control inputs (x, z) to maximize profit. Notationally,
where p ∈ ++ is output price, w ∈ J ++ is a vector of variable productive input prices, and v ∈ ++ is the damage-control input price. We rewrite this problem as
Here c (w, f, K, t) := min
is minimum variable-cost associated with the productive inputs, x, producing f in the absence of pests. The first-order conditions for an interior solution to (2) require:
where c f w, y g(b,z) , K, t denotes the partial derivative of c (w, f, K, t) with respect to f . Solving gives:
Expression (3) can also be obtained directly as a first-order condition for (1). The solution to these first-order conditions yields: optimal product supply, y (p, w, K, t, v, b), and optimal derived demands for x and z, x (p, w, K, t, v, b) and z (p, w, K, t, v, b), respectively.
The Damage-Control Specification and Population Dynamics
The choice of a parametric specification for g (b, z) has been widely discussed (Lichtenberg and Zilberman, 1986; Babcock et al., 1992; Carasco-Tauber and Moffit, 1992; Fox and Weersink, 1995; Carpentier and Weaver, 1997; Hennessy, 1997; Oude Lansink and Carpentier, 2001 ). We follow Lichtenberg and Zilberman (1986) and Fox and Weersink (1995) and formulate g (b, z) as comprising two components, control and damage:
where λ and δ are parameters. In this specification, C := exp (−δz) represents the control component of the technology, and exp (−λbC) the damage-component given control at level C.
A parametric specification for g (b, z) establishes a direct (and typically invertible) link between the underlying pest population, b, and observable economic phenomena. The situation is not unlike that used in the specification of price-dependent demand systems. In the latter, demand systems are expressed in price-dependent form even though theory presumes those prices as given. In the current context, supply and input demands are all conditioned by b, which is predetermined to the producer. That typically yields a closed-form solution for the pest population (up to proportional transformation), b, just as quantity-dependent demand systems can be inverted to obtain pricedependent forms.
Using (4) in (3) and rearranging gives
Given information on p, y (p, w, K, t, v, b) , z (p, w, K, t, v, b) , v, and the parameter δ, λb can be calculated from (5). Substituting (5) into (4) gives
Conditional on the assumption of profit maximization, a strategy for inferring λb is apparent.
From (5), given observations on supply response and price, the essential problem is to obtain an estimate for δ, which is the parameter determining the effectiveness of pesticides in controlling pests. Optimal variable input cost (conditioned on z and y) for the variable productive inputs equals c w,
Therefore, one can choose a parametric specification for c (w, f, K, t) and upon substituting y exp − v δpy (p,w,K,t,v,b) for f in that form, one obtains an expression for variable-productive input cost that can be combined with information on w, p, K, and y (p, w, K, t, v, b) to estimate both the parameters of c (w, f, K, t) and δ. Once that information is obtained, the estimate of δ can be used with (5) to approximate λb.
Data
Our data are from a small scale survey of 50 olive-growing farms during the 1999-2004 cropping period that was conducted by extension personnel of the Greek National Agricultural Foundation.
The survey was designed to study the effectiveness of six-pesticide ingredients against the olive-fruit fly Bactocera Oleae (Gmellin). Bactocera Oleae is the most serious pest for olives.
The biological cycle of Bactocera Oleae is closely linked to environmental conditions, in particular humidity and temperature. Within a year, there are generally three to five generations, but in some years there can be a sixth generation, which grows in the spring on the olive tree but does not remain on the tree. The population size varies in a seasonal manner with two peaks. The first occurs at the end of spring (April to May), and the population gradually falls until midsummer.
After that it rises and reach a second and higher peak in late summer, early Autumn (late August to early October) when the olives are more vulnerable to pest damage.
The data consist of a balanced panel of olive farms located in the same geographical area in the western part of the island of Crete and operating under similar environmental and climatic conditions. Crete accounts for approximately 40 percent of total Greek olive-oil production. The climatic conditions are dry during the summer with significant variation in temperature and humidity. Specifically, humidity rates vary among olive groves between 20 and 88 percent, while average air temperature varies from 16 to 22 • C. The data consist of observations on output (olive-oil), three variable inputs (hired labor, fertilizers, other intermediate inputs), two quasi-fixed inputs (capital and family labor), and pesticides materials.
Output is measured in kilograms and consists of olive-oil quantities sold off the farm, quantities consumed by the farm household during the crop year, and the portion of output kept by olive mills as a fee for extraction services. Farmers use a mixture of fertilizers including nitrate, phosphorous, and potassium. These different fertilizers were aggregated into a single aggregate Tornqvist fertilizer index with the cost shares of each type of fertilizer defining the relevant weights. Intermediate inputs consist of goods and materials used during the crop year, whether purchased off farm or withdrawn from beginning inventories. These include fuel and electric power, storage expenses, and irrigation measured in Euros. The price of hired labor was computed as the average hourly wage including social security and taxes paid by farmers. The computed hourly wage varies across farms as the demand for hired workers differs significantly during harvesting season (harvesting season usually starts from the late October until the end of January with significant fluctuations depending on the maturity stage and pest infestation among farms). Family labor devoted to productive activities was treated as a quasi-fixed input and is measured in hours worked on farm. Capital stock was computed using the perpetual-inventory method as described by Ball et al., (1993) and data on depreciation rates obtained from the Greek Ministry of Agriculture for different farming equipment. The survey contains farm-level information on six different pesticide ingredients, which are applied approximately every two weeks depending on the pest population levels observed in the olive-fields. These consist of data on expenditures and quantities used measured in litres. We use these data to construct an aggregate pesticides input quantity and price index using Tornqvist procedures with cost shares of each ingredient to total pesticides expenditures being the relevant weights. Finally, information on the pest population was obtained by means of chemical traps that are installed (for our sample) on every 500 square meters of the farm's plot. Our information on pest population was derived by using the number of olive flies captured in these traps to extrapolate the whole pest population in each plot.
Summary statistics for all variables used in the empirical analysis are presented in Table 1 . Finally, prior to econometric estimation, and to avoid problems associated with units of measurement, all variables were converted into indices, with the basis of normalization being the representative olive-oil farm. The representative farm was the one with smallest deviation of all variables from the sample means.
Econometric Specification
In our empirical application, the variable cost function takes the following flexible, transcendental logarithmic (translog) form:
Here i subscripts correspond to the i th farm and t subscripts to the t th year, w jit is the price for the j th variable input, K kit is the k th quasi-fixed input used in farm production and, t is a simple time index capturing changes in farming technology. This translog cost function is converted to estimable form by using (6) and making the following substitution:
where v it is the price of pesticide materials, p it the output price, and y it is realized output. Symmetry and linear homogeneity in variable-input prices imply the following parameter restrictions: α ww jh = α ww
hj , αkl = αlk , j α w j = 1, h α ww jh = 0 ∀j, j α yw j = 0, j α wq jk = 0 ∀k and j α wt j = 0. By Shephard's lemma, the variable-input cost share for input j is:
where S jit = (w jit x jit )/c it denotes the share of the j th variable-input in total cost of farm production.
The system of variable-input cost shares was estimated together with the cost function using the full-information-maximum-likelihood (FIML) method after appending a suitable econometric error structure. The associated likelihood function was maximized using Berndt-Hall-Hall-Hausman (BHHH) algorithm. Although our variable-cost function specification treats farm output as predetermined, econometrically it is endogenous. To accommodate this endogeneity, we ran a first-stage OLS regression of realized output against variable input and output prices as well as two environmental variables (humidity rates and air temperature), the altitude of farm location, and two farm-specific characteristics (average household education level and number of extension visits onfarm). After running the OLS regressions, the predicted values of realized output were used in the econometric estimation of the cost system. 1
Empirical Results
The estimated parameters of the conditional cost system are reported in Table 2 . Most of the estimated parameters are statistically different from zero at standard confidence levels. The computed pseudo-R 2 is 0.813 suggesting that the econometric model is a good representation of the underlying data-generation process. We note, in particular, that δ, the parameter determining the effectiveness of pesticides, appears to have been very precisely estimated and that it appears significantly different zero. Table 3 reports estimated variable-input demand elasticities at sample means. All estimated own-price elasticities are negative as required by theory. All estimated cross-price effects are positive suggesting that hired labor, fertilizers and intermediate inputs are substitutes in olive-oil production (see Table 3 ). The magnitudes of these point elasticity estimates all appear plausible and are consistent with existing results on input-demand elasticities.
We now turn to the main focus of our analysis, inferring information on the underlying pest population. From (5), one can obtain point estimates of the compound term, λb it , for each observation
whereδ represents the estimate of δ reported in Table 2 . Point estimates of pest-population growth rates can now be obtained by taking natural logarithms. Table 4 reports the resulting estimates of annual average pest-population growth rates for the period 1999 to 2004 along with the actual growth rates computed from our sample estimates of pest population. According to both the survey data and our estimates, pest infestation has grown over the sample period, but its growth has been quite erratic. Apart from the first year, the agreement is close between our estimate of the pest-population growth rate and the actual growth rate. In each year that the actual pest population grew our estimate also indicates growth, and in each year that the pest population fell our estimate also indicates a decline. The correlation coefficient between the two series is .908. Figure 1 presents the point estimates of these average growth rates, their confidence intervals (.95) constructed by bootstrapping methods, 2 and the observed population growth rates on common axes. Only the observed growth rate for 2000 falls outside its interval estimate derived from our model. Table 5 reports average observed pest-population levels, average observed pesticide applications, average observed pest-population growth rates, and average estimated pest population growth rates at different times over the crop year. Values in Table 5 were calculated as the average values over farms for the six-years of the survey. They refer to specific days that measures were taken by the extension agents. In total there are twelve different data points covering the whole cycle of pest reproduction during cropping seasons (May to October).
Figure 2 presents our point estimates of these same growth rates, their bootstrapped confidence intervals, and the actual observed values on a common axes. Figure 2 shows that the seasonal pattern of pest infestation is well captured by our procedures as all observed values fall within our 2 Standard errors for the point estimates of pest population growth were obtained using block resampling techniques which entails grouping the data randomly in a number of blocks (of 5 observations) and reestimating the model leaving out each time one of the blocks of observations and then computing the corresponding standard errors (Politis and Romano 1994) . interval estimates. In late Spring and early Autumn pest infestation rates are higher due to the prevailing low temperatures and high humidity rates. The same pattern is followed by pesticide application rates as farmers respond to increased infestation levels. Although the absolute figures exhibit some variations around the true values, our model predicts directional change accurately in all instances. Our point estimates under-predict slightly the early stages of larval development (May, June and August) and over-predict the late stages of its maturity (July, September and October). But overall the fit is close. The correlation coefficient between observed and estimated growth rates is quite high, .942. Table 6 reports averages of estimated values for g (b, z) , estimated pest-population growth rates, and observed pest-population growth rates for each farm in the sample. The average farm realizes approximately 82% of maximum potential output so that average pest damage is 18 to 19%. In every instance, our model predicts accurately the the direction of average pest-popullation growth.
And as Figure 3 illustrates, in some instances, the difference between estimated and observed growth rates is negligible. The correlation coefficient between the observed and the estimated series is .982.
Concluding Remarks
We developed a biologically correct cost system for production systems facing invasive pests that allows the estimation of population dynamics without a priori knowledge of their true values. We applied that model to a data set for olive producers in Crete and derived from it predictions about the underlying populations dynamics. Those dynamics were compared to information on population dynamics obtained from pest sampling with extremely favorable results.
These results suggest that our method offers an appealing alternative in modelling supply response systems that depend upon unobserved population variables. Obviously, the empirical findings cannot be extrapolated beyond the current application. But the basic theoretical procedure for using information from biological models can easily be extended to other applications. That procedure essentially marries economic analysis with prior biological information. Biologists have expended considerable effort in developing biologically plausible specifications of the interactions between populations and yield response. Similarly, economists have expended generations of effort in developing and estimating production systems. It seems natural that synergies should arise from combining these efforts.
From a production perspective, biological specifications often define natural separable structures that can be exploited in analytic and econometric modelling. Incorporating this biological information into our models potentially improves modelling efficiency. But there is another natural by-product It should also enhance our ability of economists to communicate economic analysis to other disciplines. Our results suggest that other studies on natural-resource industries could benefit by incorporating biologically correct models to provide more accurate supply-response modelling. 
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